Volatiliy measurement and modeling is an important aspect in many areas of finance. The main purpose of this study is to apply seven APARCH-type models with (1,1) lags to investigate the behavior of exchange rate volatility for the EUR, JPY, and USD selling exchange rates to IDR for the duration from January 2010 to December 2015. The competing models include ARCH, GARCH, TARCH, TS-ARCH, GJR-GARCH, NARCH, and APARCH used with Gaussian normal distribution. In order to estimate the model parameters, this study applies the Bayesian inference using the adaptive random walk Metropolis method in the MCMC algorithm. Empirical results based on the deviance information criterion indicate that the GARCH (1,1), APARCH (1,1), and TARCH (1,1) models provide the best fit for the EUR, JPY, and USD data, respectively. In those models, both the JPY and USD data have significant negative leverage effect at the 99% credible level. Moreover, the JPY returns also have significant Taylor effect in return volatility at the 99% credible level.
INTRODUCTION
Volatility of asset returns has been widely used in financial market. Volatility, of stock prices or exchange rates, can be considered as a measurement of the risk for the securities based on the fluctuation of the asset returns. Abdalla & Winker (2012) defined the volatility as a statistical measure of the spread of returns on a market index or a specific security, and it is usually measured by using the standard deviation of returns. As shown in many studies, the high volatility of exchange rate returns leads to higher risk for investors, traders, and policy makers.
In general, high frequency financial returns -weekly, daily, or minutes-is heteroskedastic, i.e. the value of volatility is changing over times. On the basis of the fact, Engle (1982) proposed ARCH (autoregressive conditional heteroscedasticity) model that has been well studied in financial literature. This model was extended to GARCH (generalized ARCH) model by Bollerslev (1986) . The ARCH/GARCH models can capture the volatility clustering and fat tail (leptokurtic) successfully, but they both fail to capture the leverage effect, which is common phenomenon in financial markets. An extension of the GARCH model accommodating the above three effects is the asymmetric power GARCH (APARCH) model from Ding et al. (1993) . Furthermore, Danielsson (2011) states that the APARCH model combines two effects: (1) leverage effect: asymmetry in the impact of positive and negative lagged returns, and (2) allowing power in the volatility calculation to be flexible.
In this study, a family of APARCH model is fitted to the Euro (EUR), Japanese yen (JPY), and US dollar (USD) selling exchange rates to the Indonesian rupiah (IDR) for the duration from January 2010 to December 2015. We construct Markov chain Monte Carlo (MCMC) algorithm based on the adaptive random walk Metropolis method to estimate the APARCH-type models. Hereafter, their estimation results are compared to obtain the best fitting model for each data on the basis of the deviance information criterion (DIC).
LITERATURE REVIEW
There is a large number of literature on the modeling and forecasting of return volatility. In recent years, Nugroho & Morimoto (2014 applied the stochastic volatility models to stock markets. In the case of Indonesia foreign exchange markets, however, there is relatively very few literature and research applying the ARCH/GARCH models. For example, Safrudin et al. (2015) ; Salim et al. (2016) , and Saputri et al. (2016) studied the behavior of EUR and JPY selling exchange rates to the IDR during the period 2009-2014 using ARCH/GARCH models with non-normal distributions for returns errors. Their results confirm that a non-normal distribution for returns errors in ARCH/ GARCH models is appropriate for the data. This study, on the other hand, will consider only the use of normal distribution for returns errors and focus on the generalization of the GARCH models to APARCH-type models.
METHOD Data Used for the Analysis
As Salvatore (2013) explains, there are five dominant international currencies in the world economy in 2010, i.e. USD, EUR, JPY, GBP, and CHF. The data analyzed in this study are the selling exchange rates for the EUR, JPY, and GBP to the IDR. The data sets were obtained from Bank Indonesia's internet website (http://www.bi.go.id) covering the six years from January 2010 to December 2015 on a daily basis, excluding weekends and holidays. Hereafter, we denote the Y selling exchange rate to the X by X/Y, meaning that the number of Xs are required by buyer to purchase one Y from trader.
Models Used in This Study
On the basis of the assumption that an asset price follows geometric Brownian motion, returns can be expressed by (Tsay, 2005) :
where is the average of returns and is the aset price at time . Furthermore, this study assumes that = 0 and the returns are expressed in percentage as folows:
In practice it is assumed that the returns are not serially correlated.
Models that offers more flexibility than GARCH models are APARCHtype models, where 2 in the GARCH model is replaced by , with > 0. The conditional volatility dynamics of these models are expressed by
, where = 1,2, … , , > 0, ≥ 0, ≥ 0, > 0, and −1 < < 1. Here, and are the ARCH and GARCH coefficients respectively, is the leverage effect between volatility and returns when ≠ 0, and is the Taylor (power) effect after Taylor (1986) , when ≠ 1. Taylor effect accommodates the fact that absolute returns sometimes have stronger autocorrelation than squared returns. The idea behind the allowing to take the form of a free parameter arose from the fact that, the assumption of normality in modeling finansial data, which restricts to either 1 or 2, is often unrealistic due to significant skewness and kurtosis (Longmore and Robinson, 2004) .
The effect of − upon is through the function ( − ), where
, so there is a leverage effect, meaning that past "bad news" (negative returns) have a stronger impact on current volatility than past "good news" (positive returns). If < 0, then ( − ) > (− − ), so there is a leverage effect in the opposite direction to what is expected, meaning that past positive returns increase current volatility than past negative returns.
The APARCH model is a nested model including as special cases (Laurent, 2003) : When = 2, = 0, and = 0, the model is ARCH. When = 2 and = 0, the model is GARCH. When = 1 and = 0, the model is TS-GARCH. When = 2, the model is GJR-GARCH. When = 1, the model is TARCH. When = 0 and = 0, the model is NARCH. This study applies the above models to real data and compares their modeling performance. By using the GARCH (1,1) model, Ruppert (2011) empirically showed that autocorrelation decays slowly decrease after one lag. This capability appears to be the main reason that the GARCH model with autocorrelation lag-1 fits so many financial time series. Therefore, this study takes = 1 and ≤ 1 in the APARCH-type models.
MCMC Method for APARCH(1,1)
Nugroho & Morimoto (2014) pointed out that the implementation of MCMC method involves two steps. The first step is to construct Markov chain that has as an equilibrium distribution which matches the conditional posterior distribution. The second step is to summarize posterior distribution of the parameter as MCMC output, using the Monte Carlo method. Let = ( 1 , 2 , … , ) denotes the observation vector, and = ( , , , , ) the parameter vector. By applying Bayes' rule, the posterior distribution of the parameters given the observed data can be written as:
( | , ) = ( | ) ( ), where
and ( ) is a prior distribution on . MCMC methods have been widely used for estimation purposes in practical finance applications. One of the most common MCMC methods in practical use is the random walk Metropolis (RWM) which has been extended to the Adaptive RWM (ARWM) method to improve the efficiency of the method. Suppose yn is a real sequence, the ARWM scheme is employed as follows (Atachade and Rosenthal, 2005) :
and . a. Draw a proposal +1 = + and ~(0,1), where ~( , 1). b. Calculate the Metropolis ratio:
(iii) Let ∈ [ min , max ] and calculate:
where ( ) denotes the number of accepted proposals up to iteration-( + 1)th. If > max , then +1 = max ; otherwise, +1 = . We set: min = 10 −5 , maks = 10, ̅ = 0,44, = 0,6
where ̅ was chosen to make the acceptance rate of proposals as close as possible to 0.44 (Roberts & Rosenthal, 2009 ). As Atachade & Rosenthal (2005) explain, the choice of the scaling parameter has a large effect on the algorithm's mixing time. Intuitively, if is too small, the resulting algorithm will make very small moves, resulting in a poor mixing time. On the other hand, if is too large, then large moves will usually be proposed, and these are likely to be rejected so the algorithm will again mix poorly.
RESULT AND DISCUSSION Descriptive Statistics of the Data
In this study, the proposed models are fitted to daily returns of IDR/EUR, IDR/JPY, and IDR/USD during the six years period from January 2010 to December 2015. The dataset consists of 1472 observations, excluding weekends and holidays. Figure 1 displays the time series plots of daily exchange rate and its returns (in percent). Meanwhile, the descriptive statistics for returns, such as mean and standard deviation (SD), Jarque-Bera(JB) normality test, and Ljung-Box (LB) autocorrelation test are summarized in Table 1 . Normality and autocorrelation tests show that all returns are neither normally distributed nor serially correlated for 8 lags. In order to provide a principal empirical structure for developing more general models, the non-normality distribution are avoided. Source: Authors' calculation. 
Stationarity Test
This study has applied the Augmented Dickey-Fuller (ADF) test (Dickey dan Fuller, 1981) to investigate whether the exchange rate and its returns series are stationary. The results reported in Table 2 indicate that the test does not reject the null hypothesis of a unit root at all confidence levels for all exchange rate series, but the test allows rejecting the null hypothesis for the returns series. It means that the returns are stationary series. 
Heteroscedasticity Test
Since the purpose of this study is to analyze volatility of returns series, it is necessary to perform a test for heteroscedasticity of residuals. The test was implemented in MATLAB with "archtest" function for the return residuals, i.e the difference between returns and its average. The results, as shown in Table 3 , can be summarized as follows: H=1, the p-value is less than 0.05, the ARCH test statistics is greater than the critical value at 95% confidence level. These imply that there is a strong evidence for rejecting the null hypothesis of no ARCH effect. The rejection indicates the existence of ARCH effects in the return residual series and therefore the variance of all observed returns is not constant. 
Empirical Results
All empirical results were obtained via implementation of our own scripts in Matlab. For all cases, this study employed the MCMC simulation for 15000 iterations. In this process, we discard the first 5000 iterations and store the remaining 10000 iterations to contribute to the required statistics, such as the mean, standard deviation, 95% highest posterior density interval, and the integrated autocorrelation time (IACT) as an indicator of inefficiency sampler. IACT can be roughly interpreted as the number of iterations required so as to produce independent draws. A value of one indicates that the sampler delivers uncorrelated draws set, while large values deliver slowly decaying correlations as well as slow convergence. Tables 4-6 summarize the empirical results for the IDR/EUR, IDR/JPY, and IDR/USD returns data sets, respectively. Overall, the IACT values indicate that the ARWM method provides sufficiently efficient estimation for all applied models. Source: Authors' calculation from IDR/EUR returns.
We first consider the feature of leverage effect in the TARCH, GJR-GARCH, and APARCH models. In the case of applying the returns of the EUR selling exchange rate to the IDR, the 95% HPD intervals of include 0, indicating that the data do not provide statistically significant evidence in support of the leverage effect. Meanwhile, in the case of the IDR/JPY and IDR/USD returns data, the leverage parameter is found to be statistically negative significant in the APARCH model, which implies the presence of leverage effect. Although not reported, we find that even 99% HPD interval of excludes 0. It indicates that the IDR/JPY and IDR/USD returns volatilities are greater after bad news (negative return) than after good news (positive return). Table 5 . Results of MCMC estimation for the models adopting IDR/JPY returns, the conditional DIC estimates, and the pD (effective number of parameters) estimates. Regarding the Taylor effect, the NARCH and APARCH models are considered. In the IDR/EUR case, the Taylor parameter ( ) is significantly different from 1 (even in terms of the 99% HPD interval) but not from 2 in the NARCH model and significantly different from 1 or 2 in the APARCH model. In the IDR/JPY case, the Taylor parameter is significantly different from 2 but not from 1 in the NARCH model and significantly different from 1 or 2 in the APARCH model. We even found that the 99% HPD interval of does not include 1 or 2 for the APARCH model adopting the JPY returns (results not shown). Meanwhile, in the IDR/USD case, the Taylor parameter is significantly different from 1 or 2 in both NARCH and APARCH models. In general, these deviations imply the presence of Taylor effect in all observed data.
Parameter

Statistics
Model ARCH GARCH TARCH TS-GARCH
GJR-GARCH NARCH APARCH
Tables 4-6 also report the volatility persistence values computed as + for the GARCH and TS-GARCH models, + 0,5 + for the TARCH and GJR-GARCH models, and (1 − ) + for the APARCH model. According to Campbell et al. (1996) , the volatility persistence measures how fast (or slow) the volatility reverts or decay towards its mean. A high persistence (greater than 0 but less than 1) implies slow reversion to the mean. In this study, the highest volatility persistences are found in the GARCH model adopting IDR/EUR returns and in the APARCH model adopting IDR/JPY and IDR/USD returns. Notice that the persistence measures fall close to one for the IDR/EUR returns in the GARCH model only, for the IDR/JPY returns in the GARCH, TS-GARCH, APARCH models, and for the IDR/USD returns in all models. We conclude that volatility in the USD returns is highly persistent. Source: Authors' calculation from IDR/USD returns.
In general, the estimation results related to the leverage and Taylor effects suggest that the APARCH model fits the IDR/JPY and IDR/USD returns. This results are confirmed by DIC value for the IDR/JPY returns only. Meanwhile, in the IDR/USD case, the DIC value suggests that the TARCH model provides the best fit among all competing models. It means that the leverage effect is only suggested to be accommodated into the IDR/USD returns. In the IDR/EUR case, the DIC value suggests that the GARCH model provides the best fit.
On the basis of the best fitting models, volatility models for the IDR/EUR, IDR/JPY, and IDR/USD returns are now respectively expressed by 
CONCLUSION
This study compared several APARCH (1,1)-type models, including the ARCH, GARCH, TARCH, TS-GARCH, GJR-GARCH, NARCH, and APARCH models. These models were applied to the daily returns of the EUR, JPY, and USD selling exchange rate to the IDR covering the period of January 2010 to 2015. The empirical results demonstrated that the GARCH, APARCH, and TARCH models best fitted to the EUR, JPY, and USD data.
FUTURE WORK
Future work may explore the non-normality of exchange rate returns as in many studies and reviews. Among the well-known ones are Student-t distribution and generalized Student-t distributions (e.g., see Nugroho et al. (2014 Nugroho et al. ( , 2016 ).
